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h i g h l i g h t s
 Remote sensing (RS) and regulatory monitoring (RM) were used to estimate air pollution.
 Pollution concentrations were assigned to homes in a national health study (N ¼ 211,789).
 NO2 and PM2.5 were associated with adverse respiratory and allergic health outcomes.
 Risk estimates based on RS and RM were similar for participants living near monitors.
 RS pollutants were associated with adverse outcomes in remote/rural areas (p < 0.05).
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a b s t r a c t
Satellite remote sensing (RS) has emerged as a cutting edge approach for estimating ground level
ambient air pollution. Previous studies have reported a high correlation between ground level PM2.5 and
NO2 estimated by RS and measurements collected at regulatory monitoring sites. The current study
examined associations between air pollution and adverse respiratory and allergic health outcomes using
multi-year averages of NO2 and PM2.5 from RS and from regulatory monitoring.
RS estimates were derived using satellite measurements from OMI, MODIS, and MISR instruments.
Regulatory monitoring data were obtained from Canada’s National Air Pollution Surveillance Network.
Self-reported prevalence of doctor-diagnosed asthma, current asthma, allergies, and chronic bronchitis
were obtained from the Canadian Community Health Survey (a national sample of individuals 12 years of
age and older). Multi-year ambient pollutant averages were assigned to each study participant based on
their six digit postal code at the time of health survey, and were used as a marker for long-term exposure
to air pollution.
RS derived estimates of NO2 and PM2.5 were associated with 6e10% increases in respiratory and
allergic health outcomes per interquartile range (3.97 mg m3 for PM2.5 and 1.03 ppb for NO2) among
adults (aged 20e64) in the national study population. Risk estimates for air pollution and respiratory/
allergic health outcomes based on RS were similar to risk estimates based on regulatory monitoring for
areas where regulatory monitoring data were available (within 40 km of a regulatory monitoring sta-
tion). RS derived estimates of air pollution were also associated with adverse health outcomes among
participants residing outside the catchment area of the regulatory monitoring network (p < 0.05).
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The consistency between risk estimates based on RS and regulatory monitoring as well as the asso-
ciations between air pollution and health among participants living outside the catchment area for
regulatory monitoring suggest that RS can provide useful estimates of long-term ambient air pollution in
epidemiologic studies. This is particularly important in rural communities and other areas where
monitoring and modeled air pollution data are limited or unavailable.
Crown Copyright  2013 Published by Elsevier Ltd. All rights reserved.
1. Introduction
Exposure to ambient air pollution has been consistently asso-
ciated with respiratory and cardiovascular morbidity and mortality
(Brook, 2008; Brook et al., 2010; Brunekreef and Forsberg, 2005;
Chen et al., 2008; Franchini and Mannucci, 2012; Krewski et al.,
2003, 2005), and implicated in adverse allergic, metabolic, neuro-
logical, reproductive, and developmental health outcomes (Curtis
et al., 2006; Genc et al., 2012; Health Effects Institute, 2010;
Kampa and Castanas, 2008; Langer, 2010; Lewtas, 2007; Riedl,
2008; Saxon and Diaz-Sanchez, 2005; Sram et al., 2005). These
effects have been demonstrated through a variety of epidemiologic
studies examining long and short term associations at multi-city
and intra-urban scales (Brook, 2008; Brook et al., 2010;
Brunekreef and Forsberg, 2005; Dominici et al., 2003; Health
Effects Institute, 2010; Peters et al., 2006; Ren and Tong, 2008;
Weinmayr et al., 2010). However, large scale studies have typi-
cally been conducted in densely populated areas of developed na-
tions due to the challenge and resource burden of assessing
exposure to air pollution. There is an emerging interest within both
scientiﬁc and regulatory communities to better understand risks
associated with exposure to ambient air pollution among non-
urban populations.
Ground-level regulatory monitoring networks in developed
countries have often been used to estimate exposure in health
studies (Kelly et al., 2012; Krewski et al., 2003, 2005; Laden and
Neas, 2011; Miller et al., 2007; Wilson et al., 2005). However,
because regulatory ﬁxed-site monitors are primarily intended for
surveillance, they are often restricted to assessing emissions from
speciﬁc industrial sources and regional background levels in highly
populated areas. This leads to sparse coverage throughout many
rural areas of developed countries. Developing countries have
minimal to no coverage. As a result, ﬁxed-sitemonitors have limited
utility in evaluating health effects in rural or developing areas.
Advancements in exposure science have led to improved char-
acterization of air pollution exposure and reduced reliance on
ﬁxed-site monitoring to provide exposure estimates. Household
level ambient measurements provide accurate data for small-scale
studies and can be collected either by trained technicians (Breysse
et al., 2005; Diette et al., 2007; Wheeler et al., 2011; Williams et al.,
2008) or by participants (Johnson et al., 2009; Petreas et al., 1988;
Spengler et al., 1983; Sexton et al., 1986; Whitmore et al., 1999)
but are too resource intensive to be used in large scale epidemio-
logical studies.
Air quality models have provided signiﬁcant support for health
studies and regulatory policy. Physical, mechanistic, and atmo-
spheric air quality models use detailed source information,
meteorology, and atmospheric chemistry to predict pollutant
concentrations at a long-range spatial scale in both urban
and rural areas (Arrandale et al., 2011; Bey et al., 2001; Boothe
et al., 2005; Isakov and Özkaynak, 2007; Jerrett et al., 2005;
Kelly et al., 2012). Land use regression (LUR) and spatial inter-
polation models such as kriging or spline characterize the spatial
distribution and health effects of air pollution at a local scale
(Arrandale et al., 2011; Hoek et al., 2008; Jerrett et al., 2010;
Johnson et al., 2010; Mejia et al., 2011). However, air quality
models may exhibit high levels of uncertainty in areas where
limited information is available. For example, natural emission
sources such as biogenic soil NOx or mineral dust remain uncer-
tain. LUR and spatial interpolation models, which are most
commonly used to assess exposure in health studies, require a
dense monitoring network for model development and evalua-
tion, and therefore are typically limited to urban areas.
Satellite remote sensing (RS) has emerged as a new tool for
estimating ambient pollutant concentrations (Hidy et al., 2009;
Hoff and Christopher, 2009; van Donkelaar et al., 2010). Pollutant
concentrations based on satellite remote sensing utilize observa-
tional data that are collected daily at a global scale, providing
consistently derivedmeasurements in urban and rural areas in both
developed and developing nations. Previous studies have demon-
strated that long-term pollutant concentrations based on RS are
signiﬁcantly correlated with regulatory ﬁxed site monitoring
measurements (Liu et al., 2004; van Donkelaar et al., 2010; Lamsal
et al., 2008; Kloog et al., 2012).
RS has previously been used to extend the capacity of LUR
models. For example, RS has been used to develop national LUR
models in the United States (Novotny et al., 2011) and Canada
(Hystad et al., 2011) and to provide temporal reﬁnement for LUR
models (Kloog et al., 2011; Liu et al., 2009; Mao et al., 2012). RS has
also been used to assess air pollution in developing countries where
ground-based regulatory measurements are limited (Chu et al.,
2003a, 2003b; Gupta et al., 2006; Kaiser et al., 2011; Mariano
et al., 2010; Pereira et al., 2009; Xia et al., 2006).
However, few studies to date have examined the implications of
using RS pollutant concentrations to estimate air pollution health
effects. Crouse et al. (2012) demonstrated that long-term exposure
to ambient PM2.5 based on RS was associated with increased car-
diovascular mortality in the Canadian population. Kloog et al.
(2012) reported that ambient PM2.5 concentrations during preg-
nancy based on RS were associated with adverse birth outcomes.
Henderson et al. (2011) found that daily RS estimates of forest ﬁre
smoke exposure in British Columbia were positively associated
with respiratory physician and hospital visits, although these as-
sociations did not reach statistical signiﬁcance.
Here, we present a cross-sectional study that uses both satellite
RS and ground-based regulatory monitoring data to examine res-
piratory health impacts of PM2.5 and NO2 across Canada using
multi-year ambient averages assigned to the home address of the
study participant at the time of the health survey as a marker for
long-term exposure to air pollution. The ﬁrst objective was to
examine the implications of using air pollution concentrations
derived from RS to estimate exposure in a large-scale health study
by comparing effect estimates based on RS and regulatory ﬁxed-site
monitoring. The second objective was to evaluate the utility of RS
for assessing air pollution risk in remote and rural populations
residing outside the catchment area for regulatory monitoring
networks. We focused on respiratory disease due to the well-
documented association between exposure to air pollution
and respiratory health outcomes in urban areas (Health Effects
Institute, 2010).
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2. Methods
The study linked air pollution data from 1) satellite remote
sensing and 2) ground-based regulatory monitors with residential
location from the Canadian Community Health Survey (CCHS), a
national sample of Canadians aged 12 and older. We pooled data
from CCHS participants interviewed between 2001 and 2005. The
household-level and person-level response rates for the CCHS sur-
vey years 2001e2005 ranged from 85 to 87% and 91 to 93%,
respectively (Statistics Canada, 2013a,b,c). Multiple logistic regres-
sion models were used to assess associations between air pollution
and respiratory and allergic health outcomes across Canada. The
main analyses were restricted to respondents aged 20e64; how-
ever, results for younger and older groups were also examined.
2.1. Study population
To address the study objectives, we conducted analyses in three
different populations for each pollutant of interest (PM2.5 and NO2).
Due to differences in ground-based monitoring and RS coverage for
different pollutants, the number of participants included in each
group differed slightly for the two pollutants analyzed. The three
populations were as follows:
1) Respondents livingwithin 40 kmof a regulatorymonitoring
station (N ¼ 123,039 for PM2.5; N ¼ 119,282 for NO2) were
assigned estimates of pollution generated by both regulatory
monitoring and RS. Analyses performed in this group were
used to compare associations between air pollution and res-
piratory health outcomes based on RS versus ground-based
regulatory monitoring.
2) Respondents living further than 40 km from the nearest
regulatory monitoring station (N ¼ 88,750 for PM2.5;
N ¼ 93,686 for NO2) lived outside the range recommended for
regulatory monitoring coverage (Environment Canada, 2005;
Environment Canada, 2011). This group was used to examine
whether air pollution is associated with respiratory health ef-
fects in remote and rural areas (outside the catchment area of
regulatory monitoring networks) using RS to estimate
exposure.
3) All respondents (N ¼ 211,789 for PM2.5; N ¼ 212,968 for NO2)
were used to examine associations between air pollution and
respiratory/allergic health outcomes at a national scale using
RS to estimate exposure.
2.2. Air pollution data
Fig. 1 shows the concentrations of PM2.5 and NO2 based on
satellite RS as well as the locations of regulatory monitoring sta-
tions from the NAPS network during the study period. Estimates of
PM2.5 and NO2 concentrations based on RS were assigned to CCHS
participants by residential six digit postal code centroid in areas for
which satellite-based concentrations were available. Pollution
concentrations measured at regulatory monitoring stations were
assigned to all respondents living within 40 km of the monitoring
station. If more than one station was located within 40 km of the
respondent, the concentration from the nearest monitor was
assigned. Maps showing multi-year average RS concentrations of
PM2.5 and NO2 for major cities in Canada are provided in the Sup-
plemental Information (Suppl. Figs. 1 and 2).
2.2.1. Remotely sensed estimates of air pollution
Satellite RS concentrations for PM2.5 were calculated using the
methodology previously described by van Donkelaar et al. (2010).
Ground-level PM2.5 concentrations were derived from satellite
measurements of aerosol optical depth (AOD) from the Moderate
Resolution Imaging Spectroradiometer (MODIS) and theMultiangle
Imaging Spectroradiometer (MISR) satellite instruments (Kahn
et al., 2009; Levy et al., 2007) located on the Terra satellite which
has been circumnavigating the globe and collecting measurements
for approximately 10 years.
AOD is a measure of light extinction by atmospheric aerosols.
AOD from MODIS (at 10 km resolution) and MISR (at 18 km reso-
lution) were re-gridded to a spatial resolution of 0.1  0.1
(approximately 10 km  10 km at mid-latitudes) using a within-
grid area-weighted average to account for partial coverage of grid
cells by individual satellite pixels. These gridded AOD were com-
bined with linearly interpolated simulated aerosol vertical struc-
ture and scattering properties from the GEOS-Chem chemical
transport model (www.geos-chem.org) to produce a global raster
surface of PM2.5. Estimates of PM2.5 for each grid cell are based on at
least 50 satellite retrievals averaged over the six-year period be-
tween 2001 and 2006. Yearly variation in sampling had less impact
than the seasonal sampling cycles resulting from retrieval limita-
tions over snow-covered regions. Both seasonal and yearly sam-
pling bias were corrected using simulated sampling effects. The
number of observations for each grid cell is typically 300e500 as
shown in Fig. 7 of van Donkelaar et al. (2010). The global
population-weighted average number of retrievals per grid cell
(plus or minus standard deviation) is 297 (202). The RS data were
corrected for non-continuous sampling as described in van
Donkelaar et al. (2010). RS derived long-term mean PM2.5 values
were in close agreement (r ¼ 0.8, slope ¼ 1.1, n ¼ 1057) with in situ
ground-based regulatory measurements in both Canada and the
United States (van Donkelaar et al., 2010).
Satellite RS NO2 concentrations were calculated by Lamsal et al.
(2008, 2010) and inferred from tropospheric NO2 columns
retrieved from the OzoneMonitoring Instrument (OMI) on the Aura
satellite, which has been collecting daily global measurements
since 2004 with a resolution of 13 km 24 kme26 km 128 km.
Data with a spatial resolution of ﬁner than 19 km  65 km were
used here. Lamsal et al. (2008, 2010) derived ground level con-
centrations by applying local scaling factors from GEOS-Chem to
tropospheric NO2 measurements retrieved by OMI in 2005e2007
to produce a ground level NO2 surface of long-term average NO2
concentration with a spatial resolution of approximately of
0.1  0.1. Remotely sensed ground level NO2 is signiﬁcantly
correlated with daily in situ measurements (r ¼ 0.3e0.9;
mean ¼ 0.7, N ¼ 307) with a tendency for higher correlations in
polluted areas (Lamsal et al., 2008, 2010). The seasonal spatial
correlation over these 307 sites is 0.8 (Lamsal et al., 2010).
2.2.2. Estimates derived from ground-level monitoring
Ground-level regulatory monitoring stations in the National Air
Pollution Surveillance (NAPS) networkwere selected based on their
availability of PM2.5 and NO2 data. A monitoring station was
selected if at least half of the ground-level samples collected during
the period of interest (2001e2006 for PM2.5 and 2005e2007 for
NO2) were available for that station. Furthermore, stations used to
estimate ambient concentrations had to provide approximately
even coverage (approximately 50  10%) across warm and cold
months (May to September, and November to March,
respectively). Approximately 90 stations for PM2.5 and 42 stations
for NO2 were excluded based on these criteria.
The closest station to the CCHS respondents e based on the
latitude/longitude coordinate of their residential postal code
centroid at the time of the health survey e was identiﬁed among
the stations with valid measurements. The distance in kilometers
between the ground-level monitoring station and the respondent’s
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postal code centroid was also determined for all the CCHS
respondents.
As recommended by Environment Canada, the estimates of
ambient air pollution derived from the ground-level monitoring
stations were not considered representative of the respondents’
residential exposure if their postal code centroid was located
further than 40 km from the closest station (Environment
Canada, 2005; Environment Canada, 2011). In total, the esti-
mates among respondents living within 40 km of a station
originate from 120 different stations for NO2 and 122 stations for
PM2.5.
The calculation of PM2.5 averages has been described in depth by
Crouse et al. (2012). Brieﬂy, PM2.5 estimates (from 2001 to 2006)
were calculated from the average of three samplers available at
each station: TEOM, TEOM with Dryer only and BAM 35% RH. The
values collected by the two TEOM samplers were adjusted for
season and region, and daily averages were created only if 18 hourly
samples or more were available.
Fig. 1. A,B Multi-year average concentrations of A) PM2.5 and B) NO2 derived from RS in Canada. Maps depicting RS concentrations in major Canadian cities are provided in the
Supplemental Information (Suppl. Figs. 1 and 2).
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2.3. Health outcomes
Lifetime diagnosis of asthma, allergy and chronic bronchitis by a
physicianwere self-reported by CCHS participants. Individuals who
reported experiencing asthma symptoms in the 12 months pre-
ceding the survey were classiﬁed as having current asthma. Al-
lergies were limited to non-food related allergies. For all health
outcomes, missing values were classiﬁed as not having the adverse
health outcome of interest.
2.4. Covariates
Individual level covariates were derived from the CCHS survey
and were self-reported. Household level income adequacy and ur-
ban residence were derived using algorithms developed by
Statistics Canada (2001). Income adequacy was based on household
size and income, while participants residing in a continuously built
up area with a total population greater than 1000 and a population
density greater than 400 per square kilometer were classiﬁed as
urban residents by Statistics Canada (2013a,b,c). All covariates, with
the exception of body mass index (BMI) and household income
adequacy, were modeled as binary variables. Missing BMI values
were imputed as the median BMI for the respondent’s age, sex, and
ethnicity. Missing household income values (used to calculate in-
come adequacy) were imputed as the median by age, sex, and
household education. Missing values for binary covariates were
assigned as the value corresponding to the largest sub-group. These
imputations were made to minimize the impact of missing values
on the calculation of air pollution health risks.
2.5. Neighborhood variables
Neighborhood level (ecological) variables were derived for each
Dissemination Area (DA) based on socioeconomic and demographic
characteristics from the 2001 Canadian census (Crouse et al., 2012).
Values for the neighborhood level variables were assigned to par-
ticipants based on the 2001 census DA corresponding to the resi-
dential postal code (Wilkins and Peters, 2012). These variables
included the proportion of households in the highest and lowest
income quintiles, proportion of homes in need of major repairs,
proportion of the adult population in the following groups:
currently unemployed, less than high school education, recent
immigrants, recentlymoved, spoke English as a second language, or
single parent. Neighborhood level variables did not contribute
signiﬁcantly to the model results and therefore were not included
in the ﬁnal models reported in this paper.
2.6. Exclusion criteria
Consistent with previous analyses reported by Crouse et al.
(2012), the following groups were excluded from the analyses: 1)
respondents living in the Yukon, Northwest Territories or Nunavut
(N w5000); 2) ﬁrst generation immigrants (N w51,000), and 3)
respondents greater than 80 years old (N w12,000). Respondents
for whom immigration status was not available were also removed
from the pool of CCHS respondents (N w11,000). First, there is
greater uncertainty about previous exposures among non-
Canadian born respondents. Furthermore, ﬁrst generation immi-
grants are more likely to live in large metropolitan areas with
higher levels of ambient pollution, but also tend to have better
health and health behaviors compared with the Canadian-born
population (Ali et al., 2004; McDonald and Kennedy, 2004;
Villeneuve et al., 2011). Second, the Yukon, Northwest Territories,
and Nunavut were excluded because RS estimates of air pollution
were not available for the northern areas of Canada. Finally, elderly
respondents (80 years of age or older) were excluded because
potential relocation to institutional or family assisted living
introduced potential exposure misclassiﬁcation for exposure based
on residential location. The elderly were also excluded due to
potential differences in their health proﬁle (e.g., the survivor ef-
fect) due to attrition of less healthy individuals from the
population.
2.7. Statistical analyses
Descriptive statistics for air pollution, health outcomes, and
covariates were generated in each population of interest. We also
examined correlations between household level ambient concen-
trations of PM2.5 and NO2 based on concentrations at the nearest
monitoring station within 40 km and the RS concentration for the
10  10 km area grid occupied by the home.
Associations between ambient air pollution and chronic respi-
ratory health outcomes were assessed using logistic regression
models at the individual level. Multiple logistic regression models
for adults aged 20e64 were adjusted for age, sex, ethnicity, BMI,
urban residence, household socioeconomic status (SES variables
included post-secondary education and income adequacy), and
tobacco smoke (Equation (1)). Tobacco smoke variables included
current smoking, past smoking, and exposure to second-hand
smoke at home.
Health outcome ¼ b0 þ bapXap þ bageXage þ bsexXsex
þ bethXeth þ beduXedu þ biabia þ bBMIXBMI
þ bcsXcs þ bpsXps þ bshsXshs þ burXur þ ε
(1)





ia ¼ income adequacy
BMI ¼ body mass index
cs ¼ current smoker
ps ¼ past smoker
shs ¼ second hand smoke
ur ¼ urban residence
Models for teenagers (aged 12e19) and older adults (aged 65e
80) were adjusted for the same factors with the exception of BMI,
which was not available for these age groups. Potential interactions
of air pollution with gender, BMI, and income adequacy were also
tested. All statistical analyses were conducted using SAS Enterprise
Guide 4.2 and SAS 9.2 (Cary, North Carolina).
2.8. Multi-level spatial modeling
We used logistic-binomial models implemented by the paired-
Poisson approach (Renjun et al., 2003) to examine spatial clus-
tering of air pollution health risks in the total population (ages 20e
64) at the census division level. The magnitude and signiﬁcance of
the associations between air pollution and health outcomes for
multi-level models were similar to the results of the simpler mul-
tiple logistic regression models; therefore we presented results
from the simpler models.
2.9. Sensitivity analyses
Sensitivity analysis of health outcome datawas performed using
individuals from the CCHS 2001 cycle for whom age of diagnosis
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was available. These analyses were limited to respondents diag-
nosed with asthma in the 5 years preceding their interview.
We also conducted sensitivity analyses among respondents
living within 10 km of the nearest regulatory monitoring station.
These health models were limited to adults aged 20e64 in the
2001e2005 pooled dataset who lived within 10 km of the
nearest regulatory monitoring station at the time of the CCHS
interview.
3. Results
3.1. Socio-demographic, health, and air pollution exposure in the
study population
Table 1 provides descriptive statistics for respondents aged 20e
64 in the total study population, and stratiﬁed by proximity to the
nearest ground-based monitoring station. The stratiﬁcation is
based on proximity to PM2.5 monitors; however, the same associ-
ations were observed when stratifying by NO2 monitor location
(results not shown).
Socio-demographic characteristics and disease prevalence varied
by proximity to a ground-based monitor. The prevalence of both
allergies and respiratory disease (with the exception of chronic
bronchitis) was greater among respondents living within 40 km of a
monitoring station compared with participants living greater than
40 km from the nearest regulatory monitoring station (p < 0.01).
Participants living within 40 km of a monitoring station were more
likely to live in an urban area, be female, have some post-secondary
education, and be at the extremes of income adequacy, while those
living more than 40 km from a monitor were older, had higher BMI,
and were more likely to be exposed to tobacco smoke (p < 0.01).
Respondents living within 40 km of the nearest ground-level
monitoring station were also exposed to higher levels of ambient
pollution compared with those living further than 40 km from the
nearest monitoring station (p < 0.01) as estimated with RS. This
trendwas consistent across pollutants. These resultswere consistent
with expected differences between urban and rural populations.
The distribution of exposure to ambient pollution differed be-
tween estimates based on RS and nearest ground-level monitoring
station. Brieﬂy, estimates of PM2.5 and NO2 based on ground-level
monitoring were normally distributed, whereas RS estimates
were right-skewed. The range of ambient NO2 concentrations
based on ground-level monitoring was also greater than the range
of estimates derived from RS (Table 1). RS mixing ratios averaged
over roughly 100e1000 km2 are substantially lower than those
from point monitors, which tend to be located near emission
sources to address regulatory objectives and which suffer inter-
ference from other reactive oxidized nitrogen species (EPA, 1975;
Fehsenfeld et al., 1990; Dunlea et al., 2007; Steinbacher et al.,
2007; Lamsal et al., 2008). Diurnal variation also plays a role
since the RS measurement is made between 1 and 2 pm local time
when NO2 levels tend to be low due to photochemistry (Lamsal
et al., 2008). Finally, the observed differences between RS and
regulatory monitoring distributions may be due to the different
spatial scales for these measurements e e.g., regulatory monitory
data represent point measurements, while RS values reﬂect average
concentrations in 10  10 km grid cells.
In this study, we compared ambient concentrations assigned to
each study home based on RS in a 10  10 km grid cell occupied by
the home versus in situ measurements collected at the nearest
monitoring stationwithin 40 km of the home. Correlations between
average household-level concentrations based on RS and measure-
ments at the nearest regulatory monitoring were 0.73 and 0.70 for
PM2.5 and 0.58 and 0.53 for NO2 at households within 10 km and
40 km, respectively, of the nearest regulatory monitoring station.
The correlation between RS and in situ estimates decreased as the
distance to the nearest monitor increased (Table 2). Scatterplots
showing multi-year average concentrations based on RS versus
regulatory monitoring at the regulatory monitoring sites are pro-
vided in the Supplemental Information (Suppl Figs. 3 and 4).
Table 1
Socio-demographic characteristics, health outcomes, and household level pollution estimates for the study population (ages 20e64).
Participants residing within
40 km of regulatory
monitoring station (N ¼ 123,039)
Participants residing more
than 40 km from regulatory
monitoring station (N ¼ 88,750)
(Total) National study
population (N ¼ 211,789)
Mean (±StDv) Mean (±StDv) Mean (±StDv)
Age (years) 41.40 (12.27)** 43.03 (12.26)** 42.08 (12.29)
BMI 25.90 (4.94)** 26.60 (5.11)** 26.19 (5.03)
Frequency (%) Frequency (%) Frequency (%)
Female 66,170 (53.8%)** 46,957 (52.9%)** 113,127 (53.4%)
Caucasian 100,900 (82.0%) 72,577 (81.8%) 173,477 (81.9%)
Post-secondary education 86,201 (70.1%)** 55,470 (62.5%)** 141,671 (66.9%)
Urban residence 104,058 (84.6%)** 48,720 (54.9%)** 152,778 (72.1%)
Income adequacy Frequency (%) Frequency (%) Frequency (%)
Lowest quintile 17,281 (14.1%)** 10,875 (12.3%)** 28,156 (13.3%)
Highest quintile 36,099 (29.3%)** 19,162 (21.6%)** 55,261 (26.1%)
Exposure to tobacco smoke Frequency (%) Frequency (%) Frequency (%)
Current smoker 37,418 (30.4%)** 28,994 (32.7%)** 66,412 (31.4%)
Past smoker 51,573 (41.9%)* 37,678 (42.5%)* 89,251 (42.1%)
Exposed to second-hand smoke 12,442 (10.1%)** 10,885 (12.3%)** 23,327 (11.0%)
Health outcomes Frequency (%) Frequency (%) Frequency (%)
Asthma (ever) 11,562 (9.4%)** 7217 (8.1%)** 18,779 (8.9%)
Current asthma 6996 (5.7%)** 4136 (4.7%)** 11,132 (5.3%)
Allergies 37,766 (30.7%)** 23,027 (26.0%)** 60,793 (28.7%)
Chronic bronchitis 3801 (3.1%) 2708 (3.1%) 6509 (3.1%)
Ground based monitoring Mean (±StDv) Mean (±StDv) Mean (±StDv)
NO2 (ppb) 11.24 (4.72) NA NA
PM2.5 (mg m3) 8.74 (2.19) NA NA
Remote sensing Mean (±StDv) Mean (±StDv) Mean (±StDv)
NO2 (ppb) 1.48 (1.13)** 0.46 (0.35)** 1.05 (1.02)
PM2.5 (mg m3) 9.05 (3.77)** 5.63 (1.95)** 7.62 (3.56)
*Signiﬁcantly different at p < 0.05 level.
**Signiﬁcantly different at p < 0.01 level.
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3.2. Air pollution health effects
Figs. 2e4 show risk estimates for respiratory and allergic health
outcomes associated with PM2.5 and NO2 based on RS and ground-
level monitoring. To facilitate comparison between risk estimates
based on RS and ground level monitoring, all odds ratios were
expressed per interquartile range (IQR) of the pollutant in the
population of interest.
Fig. 2 shows adjusted odds ratios for PM2.5 and NO2 derived
from both RS and regulatory measurements among participants
aged 20e64 living within 40 km of a monitoring station. PM2.5 and
NO2 exposures based on RS were associated with a 6e8% increased
risk per IQR for respiratory health outcomes. Odds ratios and 95%
conﬁdence intervals for RS-based NO2 were as follows: asthma:
1.06 (1.03e1.08); current asthma: 1.06 (1.02e1.09); allergies: 1.07
(1.06e1.09); and chronic bronchitis: 1.07 (1.03e1.12) all calculated
over the IQR of 1.46 ppb. Odds ratios for RS-based PM2.5 were:
asthma: 1.07 (1.04e1.10); current asthma: 1.07 (1.03e1.11); al-
lergies: 1.08 (1.06e1.10); and chronic bronchitis: 1.07 (1.02e1.13) all
calculated over IQR 5.94 mg m3. Effect estimates based on ground-
level monitoring were similar to RS-based estimates for asthma and
current asthma, and lower for allergies and chronic bronchitis
(calculated over the IQRs of 3.24 mg m3 for PM2.5 and 5.32 ppb
for NO2).
Fig. 3 shows adjusted odds ratios for PM2.5 and NO2 derived
from RS among participants living more than 40 km from a ground-
level monitoring station. PM2.5 and NO2 exposures based on RS
were associated with a 4e7% increased risk per IQR in respiratory
health problems among participants in areas without ground level
monitoring. Odds ratios for NO2 were: asthma: 1.04 (1.02e1.07);
current asthma: 1.07 (1.04e1.11); allergies: 1.09 (1.08e1.11); and
chronic bronchitis: 1.04 (1.00e1.08) over IQR 0.33 ppb. Odds ratios
for PM2.5 were: asthma: 1.05 (1.03e1.07); current asthma: 1.06
(1.03e1.08); allergies: 1.07 (1.05e1.08); and chronic bronchitis: 1.04
(1.01e1.07) calculated over IQR 1.62 mg m3.
In the total national study population (Fig. 4), PM2.5 and NO2
based on RS were associated with a 6e10% increase per IQR in
respiratory health outcomes. Odds ratios for NO2were: asthma: 1.07
(1.05e1.08); current asthma: 1.08 (1.06e1.10); allergies: 1.09 (1.08e
1.10); and chronic bronchitis: 1.06 (1.03e1.08) over IQR 1.03 ppb.
Table 2
Correlation coefﬁcients for ambient household level pollutant concentrations based
on remote sensing and measurements at the nearest regulatory monitoring station








<1 0.74 (N ¼ 7002) 0.60 (N ¼ 6954)
1e2 0.76 (N ¼ 15,002) 0.60 (N ¼ 15,242)
2e5 0.75 (N ¼ 51,633) 0.60 (N ¼ 49,287)
5e10 0.70 (N ¼ 43,918) 0.54 (N ¼ 41,275)
10e20 0.67 (N ¼ 32,398) 0.44 (N ¼ 29,899)
20e30 0.65 (N ¼ 16,147) 0.36 (N ¼ 17,608)
30e40 0.60 (N ¼ 16,070) 0.25 (N ¼ 15,886)
Fig. 2. A,B Odds Ratios for A) PM2.5 and B) NO2.5 derived from RS and NAPS monitoring
among participants (aged 20e64) living within 40 km of a ground-based monitoring
station over the interquartile range (IQR) in pollutant concentration: for NO2, the IQR
was 5.32 ppb for NAPS and 1.46 ppb for RS. For PM2.5, the IQR was 3.24 mg m3 for
NAPS and 5.94 mg m3 for RS. Models were adjusted for age, sex, ethnicity, body mass
index (BMI), urban residence, household SES (post-secondary education and income
adequacy), and tobacco smoke (current smoking, past smoking, and exposure to
second-hand smoke).
Fig. 3. A,B Odds Ratios for: A) PM2.5 and B) NO2.5 derived from RS among participants
(aged 20e64) living further than 40 km from a ground-based monitoring station over
the IQR in pollutant concentration: for NO2, the IQR was 0.33 ppb and for PM2.5,
1.62 mg m3. Models were adjusted for age, sex, ethnicity, body mass index (BMI),
urban residence, household SES (post-secondary education and income adequacy), and
tobacco smoke (current smoking, past smoking, and exposure to second-hand smoke).
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Odds ratios for PM2.5 were: asthma: 1.08 (1.06e1.10); current
asthma: 1.09 (1.07e1.12); allergies: 1.10 (1.09e1.11); and chronic
bronchitis: 1.07 (1.04e1.10) calculated over IQR 3.97 mg m3.
3.3. Sensitivity analyses
We also examined health models that were limited to re-
spondents living within 10 km of the nearest monitoring station.
Risk estimates based on both RS and regulatory monitoring were
slightly (2e3%) higher than those found in the larger population
living within 40 km of the nearest monitoring stations. However,
risk estimates based on RS and regulatory monitoring for re-
spondents living within 10 km and within 40 km of the nearest
monitoring stationwere highly similar across pollutants and health
outcomes (data not shown).
Associations between air pollution and asthma were similar for
respondents diagnosed within 5 years of the survey compared with
those with a lifetime history of doctor-diagnosed asthma (data not
shown). Associations between air pollution and health outcomes
were weaker among younger (12e19 year old) and older (65e80
year old) age groups for all study populations. This may be due to
higher residential mobility in these age groups resulting in greater
exposure misclassiﬁcation (because home address was used to
assign exposure), lower disease prevalence (resulting in less sta-
tistical power to identify associations), or decreased susceptibility
to air pollution (e.g., due to a healthy survivor effect among elderly
participants). We also examined the impact of clustering by census
district through multi-level spatial modeling and the results were
similar to those for the multivariate logistic models presented in
the paper; therefore we presented results for the simpler models.
4. Discussion
Previous air pollution studies have primarily focused on urban
populations because urban dwellers are typically exposed to higher
levels of ambient air pollution, and because the resource burden
associated with estimating exposure in rural and remote areas is pro-
hibitive. This study examined the implications of using RS to examine
associations between air pollution and allergic/respiratory health
outcomes among Canadians living in both urban and rural areas.
4.1. Remote sensing versus in situ measurements of air pollution
Remote sensing estimates of ambient PM2.5 and NO2 have been
validated in previous studies which reported strong correlations
between ground-based in situ measurements and RS concentra-
tions for both pollutants (Lamsal et al., 2008, 2010; van Donkelaar
et al., 2010; Lee et al., 2012). RS measures of both PM2.5 and NO2
were signiﬁcantly correlated with in situ measurements, with
average correlations of 0.8 for PM2.5 (van Donkelaar et al., 2010) and
0.7 for NO2 (Lamsal et al., 2008, 2010) in North America. As in
previous studies, mean NO2 concentration based on RS were
signiﬁcantly lower than in situ measurements. There are a number
of methodological differences that contribute to this discrepancy.
While the RS estimates are an area average, the ground-based es-
timates are based on ﬁxed-site regulatory monitors, which tend to
be preferentially located near roads and other locations with sig-
niﬁcant human activities where NO2 concentrations are higher. The
RS estimate is recorded between 1 and 2 pm local time when NO2
levels tend to be low, while the ground-based measurements are
averaged across the day. Ground-based monitors also use com-
mercial chemiluminescence analyzers which overestimate true
NO2 due to interference from other reactive nitrogen species. In
addition, RS estimates exhibit higher uncertainty for snow and ice
conditions in winter, resulting in greater exclusion of winter values
from long-term averages. NO2 concentrations are typically higher
in winter; therefore a higher rate of exclusion for winter values
likely results in lower average concentrations for NO2 based on RS.
However, seasonal NO2 concentrations based on RS and in situ
concentrations were highly correlated (Lamsal et al., 2008, 2010).
We compared air pollution estimates assigned to study partic-
ipants based on RS versus regulatory monitoring to examine the
implications of estimating household level concentrations based on
these alternate methods. As expected, estimates of ambient air
pollution at participant homes based on RS and regulatory moni-
toring were highly correlated for participants living near a regula-
tory monitoring station where the concentrations measured at the
monitoring siteweremore likely to reﬂect household level ambient
concentrations. As the distance between the participant home and
the nearest regulatory monitoring site increased, the correlation
between exposure estimates based on RS and regulatory moni-
toring decreased. These results suggest that for homes located near
a monitoring station both regulatory monitoring data and RS pro-
vided good estimates of household level ambient concentration.
However, for homes located further from regulatory monitoring
stations, RS provided a better estimate of household-level ambient
concentrations for PM2.5 and NO2.
Although these analyses show a high correlation between
household estimates based on remote sensing and regulatory
monitoring, ground level in situ measurements collected at regu-
latory monitoring stations were not used to further evaluate RS
because the spatial scales for RS and regulatory monitoring mea-
surements were not directly comparable. Estimates based on
Fig. 4. A,B Odds Ratios for: A) PM2.5 and B) NO2 and derived from RS among all par-
ticipants (aged 20e64) in the study population over the IQR in pollutant concentra-
tion: for NO2, the IQR was 1.03 ppb and for PM2.5, 3.97 mg m3. Models were adjusted
for age, sex, ethnicity, body mass index (BMI), urban residence, household SES (post-
secondary education and income adequacy), and tobacco smoke (current smoking,
past smoking, and exposure to second-hand smoke).
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regulatorymonitoring datawere point measurements collected at a
regulatory monitoring station that were applied to participants
living up to 40 km from the a monitoring station, based on the self-
described catchment area for these regulatory monitoring stations.
In contrast, the RS estimates were averages calculated over areas of
approximately 10  10 km (Fig. 1) and assigned to participants
residing within those area grids.
4.2. Air pollution health effects
Long-term exposure to air pollution based on satellite RS was
associated with a 6e10% increase in the prevalence of allergies,
asthma, current asthma, and bronchitis per IQR for PM2.5 and NO2
among Canadian adults aged 20e64 years. These results are
consistent with previous research demonstrating respiratory and
allergic health impacts associated with air pollution (Brunekreef
and Holgate, 2002; Byrd and Joad, 2006; Diaz-Sanchez et al.,
2003; Gauderman et al., 2005; Health Effects Institute, 2010;
McConnell et al., 2006; Samal et al., 2008; Samet, 2007; Sarnat and
Holguin, 2007; Wong and Lai, 2004).
Absolute values for pollutant concentrations at the study homes
differed between RS and ground-based monitoring. However, air
pollution risk estimates scaled by pollutant IQR were similar for the
two methods among the population residing near a regulatory
monitoring station, because household level concentrations based
on RS and regulatory monitoring were highly correlated. For both
PM2.5 and NO2, odds ratios for asthma, current asthma and allergies
were similar based on RS and ground level monitoring. Effect es-
timates for chronic bronchitis displayed greater variability, with
signiﬁcant associations only evident based on RS. However, effect
estimates for chronic bronchitis based on RS and regulatory
monitoring were not signiﬁcantly different based on overlapping
conﬁdence intervals. Risk estimates based on RS appeared to be
slightly stronger than those based on regulatory monitoring, which
may be due to the improved spatial scale of RS exposure estimates
compared with concentrations measured at the nearest monitoring
site. These results suggest that RS is a comparablemetric to ground-
based regulatory monitoring for estimating long-term exposure to
ambient pollution in a health study.
Crouse et al. (2012) previously reported a signiﬁcant increase in
mortality associatedwith long-term exposure to air pollution based
on RS. The ﬁndings of the current study suggest that RS can be used
to assess air pollution impacts on morbidity as well as mortality.
Importantly, air pollution health effects in this study were not
limited to urban populations with higher pollution levels. Although
the prevalence of asthma and allergies was higher among study
participants residing within 40 km of a ground-level monitoring
station (in predominantly urban areas), the magnitude of air
pollution risk estimates was similar among participants living
further than 40 km from a ground-based monitoring station. This
suggests that air pollution has adverse allergic and respiratory ef-
fects in rural and remote areas with lower ambient concentrations.
4.3. Limitations
Our results suggest that RS can provide a powerful tool for
estimating long-term exposure to both gaseous and particulate air
pollution. However, there are some limitations in the analyses.
The spatial resolution of the pollutant estimates based on remote
sensingwas limited by the current retrievals from available satellite
measurements. The 10  10 km resolution for PM2.5 was likely
adequate for estimating exposure to ambient pollution based on the
spatial homogeneity of PM2.5. However, the 10  10 km resolution
for NO2 is problematic given the spatial heterogeneity and highly
localized sources of NO2. The risk estimates reported in this study
can at best capture the effects of average NO2 concentration at a
community level, and therefore likely underestimate the “true”
impact of NO2 on these health outcomes. As remote sensing tech-
nology and retrievals improve, future analyses will be needed to
examine air pollution health effects associated with ambient con-
centrations at a smaller spatial scale. The use of satellite retrieval is
still a novel method for estimating ambient air pollution, and is
being constantly improved. For example, enhancements in RS-
based PM2.5 have been observed in the southern prairies and
western mountains due to the effects of surface reﬂectance on the
retrieval. This issue has been addressed in recent retrievals (van
Donkelaar et al., 2013). There was no evidence to suggest that sur-
face reﬂectance impacted the analyses reported in this paper.
The goal of this paper was not to evaluate the catchment area for
the regulatory monitoring values, but rather to examine the impli-
cations of using RS to estimate long-term exposure in comparison
with regulatory monitoring values. We therefore used the relatively
large 40 km catchment area prescribed by Environment Canada.
However, we found that effect estimates for RS and regulatory
monitoring were similar when the study population was restricted
to participants residing within 10 km of the nearest monitoring
station. This suggests that the results were not biased by the large
catchment area used for the analyses reported in this paper.
Finally, long-term average pollutant concentrations used to
predict exposure represented multi-year averages for PM2.5 (2001e
2006) and NO2 (2005e2007) based on the availability of remotely
sensed estimates of air pollution. These averaging periods over-
lapped (rather than preceded) the health survey period (2001e
2005). The analyses assumed that relative spatial patterns in long-
term ambient pollution concentrations were stable during the ﬁve-
year study period. In other words, we assumed that areas with high
pollutant concentrations were consistently high relative to low
pollution areas during the health survey period.
This assumption was based on the robustness of multi-year
pollution concentrations estimated using RS and on the coarse
spatial resolution of the RS estimates. For example, Crouse et al.
(2012) reported that the 1987e2001 PM2.5 average based on reg-
ulatory monitoring in 11 of Canada’s largest cities was highly
correlated with the 2001e2006 RS PM2.5 (r ¼ 0.89). Furthermore,
associations between air pollution and health reported in this pa-
per were consistent for individual years within the cohort (e.g.,
respondents surveyed in 2001, 2003, and 2005 survey cycles),
suggesting that exposure misclassiﬁcation generated by using
pollutant concentrations measured during the health survey period
did not change the results of these analyses.
Finally, exposure misclassiﬁcation may have been introduced by
the lackof residentialhistoryneededtoaccuratelycharacterizehistoric
exposure and inability to verify that exposure preceded diagnoses.
However, analyses restricted to respondents diagnosed within the
ﬁve-year period preceding the survey showed similar results.
Despite our efforts to evaluate the air pollution risk estimates
reported in this study, these associations may be biased by self-
reporting, exposure misclassiﬁcation associated with residential
mobility, and variation in spatial distribution of air pollution over
time. However, the primary goal of this study was not to quantify
the association between air pollution and respiratory disease,
which has been well characterized in the literature, but rather to
examine the utility of using RS to estimate exposure to air pollution
in a health study.
5. Conclusions
Long-term exposure to ambient air pollution as estimated by
ground-based regulatory monitoring and satellite RS was associ-
ated with increased prevalence of allergic and respiratory health
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outcomes among Canadian adults. These associations were signif-
icant in predominantly urban areas with higher ambient concen-
trations and in rural and remote areas with lower concentrations.
Effect estimates were also similar for models using satellite RS
versus ground-based regulatory monitoring to estimate exposure.
The consistency between risk estimates based on RS and regu-
latory monitoring as well as the associations between air pollution
and health outcomes in remote areas demonstrate the utility of air
pollution estimates derived from RS for characterizing long-term
ambient air pollution in rural communities and other areas for
which ground-level air monitoring data are not available. RS pro-
vided a powerful tool for assigning consistently derived estimates
of long-term exposure across both urban and rural populations.
Acknowledgments
The authors would like to thank Stan Judek for compiling the
regulatory monitoring data and Dominic Odwai Atari for providing
the neighborhood level variables, as well as Dan Crouseand Hwa-
shin Shin for providing feedback.
Appendix A. Supplementary data
Supplementary data related to this article can be found at http://
dx.doi.org/10.1016/j.atmosenv.2013.07.020.
References
Ali, J.S., McDermott, S., Gravel, R.G., 2004. Recent research on immigrant health
from statistics Canada’s population surveys. Can. J. Public Health 95 (3), i9ei13.
Arrandale, V.H., Brauer, M., Brook, J.R., Brunekreef, B., Gold, D.R., London, S.J., et al.,
2011. Exposure assessment in cohort studies of childhood asthma. Environ.
Health Perspect. 119 (5), 591e597.
Bey, I., Jacob, D.J., Yantosca, R.M., Logan, J.A., Field, B.D., Fiore, A.M., et al., 2001.
Global modelling of tropospheric chemistry with assimilated meteorology:
model description and evaluation. J. Geophys. Res. 106, 23073e23096.
Boothe, V., Dimmick, W.F., Talbot, T.O., 2005. Relating air quality to environmental
public health tracking data. In: Aral, M.M., Brebbia, C.A., Maslia, M.L., Sinks, T.
(Eds.), Environmental Exposure and Health, vol. 85. Wessex Institute Trans Ecol
& Environ, Southampton, UK, pp. 43e52.
Breysse, P.N., Buckley, T.J., Williams, D., Beck, C.M., Jo, S.J., Merriman, B., et al., 2005.
Indoor exposures to air pollutants and allergens in the homes of asthmatic
children in inner-city Baltimore. Environ. Res. 98 (2), 167e176.
Brook, R.D., 2008. Cardiovascular effects of air pollution. Clin. Sci. 115, 175e187.
Brook, R.D., Rajagopalan, S., Pope III, A., Brook, J.R., Bhatnagar, A., Diez-Roux, A.,
et al., 2010. Particulate matter air pollution and cardiovascular disease: an
update to the scientiﬁc statement from the American Heart Association. Cir-
culation 121, 2331e2378.
Brunekreef, B., Forsberg, B., 2005. Epidemiological evidence of effects of coarse
airborne particles on health. Eur. Respir. J. 26, 309e318.
Brunekreef, B., Holgate, S.T., 2002. Air pollution and health. Lancet 360, 1233e1242.
Byrd, R.S., Joad, J.P., 2006. Urban asthma. Curr. Opin. Pulm. Med. 12 (1), 68e74.
Chen, H., Goldberg, M.S., Villeneuve, P.J., 2008. A systematic review of the relation
between long-term exposure to ambient air pollution and chronic diseases. Rev.
Environ. Health 23 (4), 243e297.
Chu, D.A., Kaufman, Y.J., Zibordi, G., Chern, J.D., Mao, J., Li, C., Holben, B.N., 2003a.
Global monitoring of air pollution over land from the earth observing System-
Terra Moderate Resolution Imaging Spectroradiometer (MODIS). J. Geophys.
Res. 108, 4661e4679.
Chu, D.A., Kaufman, Y.J., Remer, L.A., Tanre, D., Jeong, M.J., 2003b. Multi-year MODIS
Observation of Global Aerosols from EOS Terra/Aqua Satellites: Validation,
Variability, and Application. International Geoscience and Remote Sensing
Symposium (IGARSS) 863.
Crouse, D.L., Peters, P.A., van Donkelaar, A., Goldberg, M.S., Villeneuve, P.J., Brion, O.,
et al., 2012. Risk of non-accidental and cardiovascular mortality in relation to
long-term exposure to low concentrations of ﬁne particulate matter: a Cana-
dian national-level cohort study. Environ. Health Perspect. 120 (5), 708e714.
Curtis, L., Rea, W., Smith-Willis, P., Fenyves, E., Pan, Y., 2006. Adverse health effects
of outdoor air pollutants. Environ. Int. 32, 815e830.
Diaz-Sanchez, D., Proietti, L., Polosa, R., 2003. Diesel fumes and the rising preva-
lence of atopy: an urban legend? Curr. Allergy Asthma Rep. 3 (2), 146e152.
Diette, G.B., Hansel, N.N., Buckley, T.J., Curtin-Brosnan, J., Eggleston, P.A., Matsui, E.C.,
McCormack, M.C., Williams, D.L., Breysse, P.N., 2007. Home indoor pollutant
exposures among inner-city children with and without asthma. Environ. Health
Perspect. 115 (11), 1665e1669.
Dominici, F., Sheppard, L., Clyde, M., 2003. Health effects of air pollution: a statis-
tical review. Int. Stat. Rev. 71, 243e276.
Dunlea, E.J., et al., 2007. Evaluation of nitrogen dioxide chemiluminescence moni-
tors in a polluted urban environment. Atmos. Chem. Phys. 7, 2691e2704.
Environment Canada, 2005. Canadian Environmental Sustainability Indicators: Air
Quality Indicator: Data Sources and Methods. Environment Canada, Ottawa.
Environment Canada, 2011. Data Sources and Methods for the Air Quality (O3 and
PM2.5) Indicators. Environment Canada, Ottawa.
Environmental Protection Agency (EPA), 1975. Technical Assistance Document for
the Chemiluminescence Measurement of Nitrogen Dioxide. Tech Rep. Envi-
ronmental Monitoring and Support Laboratory, U.S. Environmental Protection
Agency, Research Triangle Park, NC 27711. EPA-600/4-75-003.
Fehsenfeld, F.C., et al., 1990. Intercomparison of NO2 measurement techniques.
J. Geophys. Res. 95, 3579e3597.
Franchini, M., Mannucci, P.M., 2012. Air pollution and cardiovascular disease.
Thromb. Res. 129, 230e234.
Gauderman, W.J., Avol, E., Lurmann, F., Kuenzli, N., Gilliland, F., Peters, J.,
McConnell, R., 2005. Childhood asthma and exposure to trafﬁc and nitrogen
dioxide. Epidemiology 16 (6), 737e743.
Genc, S., Zadeoglulari, Z., Fuss, S.H., Genc, K., 2012. The adverse effects of air
pollution on the nervous system. J. Toxicol.. http://dx.doi.org/10.1155/2012/
782462.
Gupta, P., Christopher, S.A., Wang, J., Gehrig, R., Lee, Y., Kumar, N., 2006. Satellite
remote sensing of particulate matter and air quality assessment over global
cities. Atmos. Environ. 40, 5880e5892.
Health Effects Institute, 2010. Trafﬁc-related Air Pollution: a Critical Review of the
Literature on Emissions, Exposure, and Health Effects. Special Report #17, 2010-
01-12 http://pubs.healtheffects.org/view.php?id¼334 (accessed 02.11.10.).
Henderson, S.B., Braeur, M., MacNab, Y.C., Kennedy, S.M., 2011. Three measures of
forest ﬁre smoke exposure and their associations with respiratory and cardio-
vascular health outcomes in a population-based cohort. Environ. Health Per-
spect. 119 (9), 1266e1271.
Hidy, G.M., Brook, J.R., Chow, J.C., Green, M., Husar, R.B., Lee, C., et al., 2009. Remote
sensing of particulate pollution from space: have we reached the promised
land? J. Air Waste Manag. Assoc. 59 (10), 1130e1139.
Hoek, G., Beelen, R., de Hoogh, K., Vienneau, D., Gulliver, J., Fischer, P., et al., 2008.
A review of land-use regression models to assess spatial variation of outdoor air
pollution. Atmos. Environ. 42, 7561e7578.
Hoff, R.M., Christopher, S.A., 2009. Remote sensing of particulate pollution
from space: have we reached the promised land? Air Waste Manag. Assoc. 59,
645e675.
Hystad, P., Setton, E., Cervantes, A., Poplawski, K., Deschenes, S., Brauer, M., et al.,
2011. Creating national air pollution models for population exposure assess-
ment in Canada. Environ. Health Perspect. 119 (8), 1123e1129.
Isakov, V., Özkaynak, H., Sept 24e28, 2007. A Modeling Methodology to Support
Evaluation of Public Health Impacts of Air Pollution Reduction Programs. In:
Proceedings of the 29th International Technical Meeting on Air Pollution
Modeling, Aveiro, Portugal.
Jerrett, M., Arain, A., Kanaroglou, P., Beckerman, B., Potoglou, D., Sahsuvaroglu, T.,
Morrison, J., Giovis, C., 2005. A review and evaluation of intraurban air pollution
exposure models. J. Expo. Sci. Environ. Epidemiol. 15 (2), 185e204.
Jerrett, M., Gale, S., Kontgis, C., 2010. Spatial modeling in environmental and public
health research. Int. J. Environ. Res. Public Health 7 (4), 1302e1329.
Johnson, M.M., Hudgens, E., Williams, R., Andrews, G., Gallagher, J.E., Neas, L.M.,
Özkaynak, H., 2009. A participant-based approach to indoor/outdoor moni-
toring in community health studies. J. Expo. Sci. Environ. Epidemiol. 19 (5),
492e501.
Johnson, M.M., Isakov, V., Touma, J.S., Mukerjee, S., Özkaynak, H., 2010. Evaluation of
land use regression models used to predict air quality concentrations in an
urban area. Atmos. Environ. 44 (30), 3660e3668.
Kahn, R.A., Nelson, D.L., Garay, M.J., Levy, R.C., Bull, M.A., Diner, D.J., et al., 2009.
MISR aerosol product attributes and statistical comparisons with MODIS. Trans.
Geosci. Remote Sens. 47 (12), 4095e4114.
Kaiser, J.W., Heil, A., Andreae, M.O., Benedetti, A., Chubarova, N., Jones, L.,
Morcrette, J., Razinger, M., Schultz, M.G., Suttie, M., Van Der Werf, G.R., 2011.
Biomass burning emissions estimated with a global ﬁre assimilation
system based on observed ﬁre radiative power. Biogeosciences Discuss. 8 (4),
7339e7398.
Kampa, M., Castanas, E., 2008. Human health effects of air pollution. Environ. Pollut.
51, 362e367.
Kelly, F.J., Fuller, G.W., Walton, H.A., Fussell, J.C., 2012. Monitoring air pollution: use
of early warning systems for public health. Respirology 17, 7e19.
Kloog, I., Koutrakis, P., Coull, B.A., Lee, H.J., Schwartz, J., 2011. Assessing temporally
and spatially resolved PM2.5 exposures for epidemiological studies using sat-
ellite aerosol optical depth measurements. Atmos. Environ. 45, 6267e6275.
Kloog, I., Nordio, F., Coull, B.A., Schwartz, J., 2012. Incorporating local land use
regression and satellite aerosol optical depth in a hybrid model of spatiotem-
poral PM(2.5) exposures in the Mid-Atlantic states. Environ. Sci. Technol. 646
(21), 11913e11921.
Krewski, D., Burnett, R., Goldberg, M., Hoover, B.K., Siemiatycki, J., Jerrett, M.,
Abrahamowicz, M., White, W., 2003. Overview of the reanalysis of the Harvard
six cities study and American cancer society study of particulate air pollution
and mortality. J. Toxicol. Environ. Health 66, 1507e1552.
Krewski, D., Burnett, R., Jerrett, M., Pope, C.A., Rainham, D., Calle, E., Thurston, G.,
Thun, M., 2005. Mortality and long-term exposure to ambient air pollution:
G. Prud’homme et al. / Atmospheric Environment 80 (2013) 161e171170
ongoing analyses based on the American cancer society cohort. J. Toxicol. En-
viron. Health 68, 1093e1109.
Laden, F., Neas, L., 2011. Current State of the: Air Pollution Impacts on Human
Health. In: EM: Air and Waste Management Association’s Magazine for Envi-
ronmental Managers Nov 8e13.
Lamsal, L.N., Martin, R.V., van Donkelaar, A., Steinbacher, M., Celarier, E.A.,
Bucsela, E., et al., 2008. Ground-level nitrogen dioxide concentrations inferred
from the satellite-borne ozone monitoring instrument. J. Geophys. Res.. http://
dx.doi.org/10.1029/2007JD009235.
Lamsal, L.N., Martin, R.V., van Donkelaar, A., Celarier, E.A., Bucsela, E., Boersma, K.F.,
et al., 2010. Indirect validation of tropospheric nitrogen dioxide retrieved from
the OMI satellite instrument: insight into the seasonal variation of nitrogen
oxides at northern midlatitudes. J. Geophys. Res.. http://dx.doi.org/10.1029/
2009JD013351.
Langer, P., 2010. The impacts of organochlorines and other persistent pollutants on
thyroid and metabolic health. Front. Neuroendocrinology 31, 497e518.
Lee, S.J., Serre, M.L., van Donkelaar, A., Martin, R.V., Burnett, R.T., Jerrett, M., 2012.
Comparison of geostatistical interpolation and remote sensing techniques for
estimating long-term exposure to ambient PM2.5 concentrations across the
Continental United States. Environ. Health Perspect. 120, 1727e1732.
Levy, R.C., Remer, L.A., Mattoo, S., Vermote, E.F., Kaufman, Y.J., 2007. Second-gen-
eration operational algorithm: retrieval of aerosol properties over land from
inversion of moderate resolution imaging spectroradiometer spectral reﬂec-
tance. J. Geophys. Res.. http://dx.doi.org/10.1029/2006JD007811.
Lewtas, J., 2007. Air pollution combustion emissions: characterization of causative
agents and mechanisms associated with cancer, reproductive, and cardiovas-
cular effects. Mutat. Res. 636, 95e133.
Liu, Y., Paciorek, C.J., Koutrakis, P., 2009. Estimating regional spatial and temporal
variability of PM2.5 concentrations using satellite data, meteorology, and land
use information. Environ. Health Perspect. 117 (6), 886e892.
Liu, Y., Sarnat, J.A., Kilaru, V., Jacob, D.J., Koutrakis, P., 2004. Estimating ground level
PM2.5 in the Eastern United States using satellite remote sensing. Environ. Sci.
Technol. 39 (9), 3269e3278.
Mao, L., Qiu, Y., Kusano, C., Xu, X., 2012. Predicting regional spaceetime variation of
PM2.5 with land-use regression model and MODIS data. Environ. Sci. Pollut. Res.
19, 128e138.
Mariano, G.L., Lopes, F.J.S., Jorge, M.P.P.M., Landulfo, E., 2010. Assessment of biomass
burnings activity with the synergy of sunphotometric and LIDAR measurements
in São Paulo, Brazil. Atmos. Res. 98, 486e499.
McConnell, R.B., Berhane, K., Yao, L., Jerrett, M., Lurmann, F., Gilliland, F., Kuenzli, N.,
Gauderman, J., Avol, E., Thomas, D., Peters, J., 2006. Trafﬁc, susceptibility, and
childhood asthma. Environ. Health Perspect. 114 (5), 766e772.
McDonald, J.T., Kennedy, S., 2004. Insights into the ‘healthy immigrant effect’:
health status and health service use of immigrants to Canada. Soc. Sci. Med. 59
(8), 1613e1627.
Mejia, J.F., Choy, S.L., Mergersen, K., Morawska, L., 2011. Methodology for assessing
exposure and impacts of air pollutants in school children: data collection,
analysis and health effects e a literature review. Atmos. Environ. 45, 813e823.
Miller, K.A., Siscovick, D.S., Sheppard, L., Shepherd, K., Sullivan, J.H., Anderson, G.L.,
et al., 2007. Long-term exposure to air pollution and incidence of cardiovascular
events in women. N. Engl. J. Med. 356 (5), 447e458.
Novotny, E.V., Bechle,M.J.,Millet, D.B.,Marshall, J.D., 2011. National satellite-based land-
use regression: NO2 in the United States. Environ. Sci. Technol. 45, 44047e44414.
Pereira, G., Freitas, S.R., Moraes, E.C., Ferreira, N.J., Shimabukuro, Y.E., Rao, V.B., et al.,
2009. Estimating trace gas and aerosol emissions over South America: rela-
tionship between ﬁre radiative energy released and aerosol optical depth ob-
servations. Atmos. Environ. 43, 6388e6397.
Peters, A., von Klot, S., Berglind, N., Horann, A., Lowel, H., Nyberg, F., et al., 2006.
Comparison of different methods in analyzing short-term air pollution effects
in a cohort study of susceptible individuals. Epidemiol. Perspect. Innov. 3, 10.
http://dx.doi.org/10.1186/1742-5573-3-10.
Petreas,M., Liu, K., Chang, B.,Hayward,S.B., Sexton, K.,1988.A surveyofnitrogendioxide
levels measured inside mobile homes. J. Air Pollut. Control Assoc. 38 (5), 647e651.
Ren, C., Tong, S., 2008. Health effects of ambient air pollution e recent research
development and contemporary methodological challenges. Environ. Health
56. http://dx.doi.org/10.1186/1476-069X-7-56.
Renjun, B.M., Krewski, D., Burnett, R.T., 2003. Random effects Cox models: a Poisson
modelling approach. Biometrika 90 (1), 157e169.
Riedl, M.A., 2008. The effect of air pollution on asthma and allergy. Curr. Allergy
Asthma Rep. 8, 139e146.
Samal, M.T., Islam, T., Gilliland, F.D., 2008. Recent evidence for adverse effects of resi-
dential proximity to trafﬁc sources on asthma. Curr. Opin. Pulm. Med. 14 (1), 3e8.
Samet, J.M., 2007. Trafﬁc, air pollution, and health. Inhal. Toxicol. 19, 1021e1027.
Sarnat, J.A., Holguin, F., 2007. Asthma and air quality. Curr. Opin. Pulm. Med. 13 (1),
63e66.
Saxon, A., Diaz-Sanchez, D., 2005. Air pollution and allergy: you are what you
breathe. Nat. Immunol. 6 (3), 223e226.
Sexton, K., Liu, K., Petreas, M.X., 1986. Formaldehyde concentrations inside private
residences: a mail-out approach to indoor air monitoring. J. Air Pollut. Control
Assoc. 36 (6), 698e704.
Spengler, J.D., Duffy, C.P., Letz, R., Tibbitts, T.W., Ferris, B.G., 1983. Nitrogen dioxide
inside and outside 137 homes and implications for ambient air quality stan-
dards and health effects research. Environ. Sci. Technol. 17, 164e168.
Sram, R.J., Binkova, B., Dejmek, J., Bobak, M., 2005. Ambient air pollution and
pregnancy outcomes: a review of the literature. Environ. Health Perspect. 113,
375e382.
Steinbacher, M., Zellweger, C., Schwarzenbach, B., Bugmann, S., Buchmann, B.,
Ordòñez, C., Prèvôt, A.S.H., Hueglin, C., 2007. Nitrogen oxides measurements at
rural sites in Switzerland: bias of conventional measurement techniques.
J. Geophys. Res. 112, D11307. http://dx.doi.org/10.1029/2006JD007971.
Statistics Canada, 2001. Low Income Cut-offs from 1991 to 2000 and Low Income
Measures from 1990 to 1999. Statistics Canada, Ottawa.
Statistics Canada, 2013a. Canadian Community Health Survey (CCHS): Detailed Infor-




Statistics Canada, 2013b. Canadian Community Health Survey (CCHS): Detailed




Statistics Canada, 2013c. Canadian Community Health Survey (CCHS): Detailed In-




van Donkelaar, A., Martin, R.V., Brauer, M., Kahn, R., Levy, R., Verduzco, C., et al.,
2010. Global estimates of ambient ﬁne particulate matter concentrations from
satellite-based aerosol optical depth: development and application. Environ.
Health Perspect. 118 (6), 847e855.
van Donkelaar, A., Martin, R.V., Spurr, R.J.D., Drury, E., Remer, L.A., Levy, R.C.,
Wang, J., 2013. Optimal estimation for global ground-level ﬁne particulate
matter concentrations. J. Geophys. Res.. http://dx.doi.org/10.1002/jgrd.50479.
Villeneuve, P.J., Goldberg, M.S., Burnett, R.T., van Donkelaar, A., Chen, H.,
Martin, R.V., 2011. Associations between cigarette smoking, obesity, socio-
demographic characteristics and remote-sensing-derived estimates of ambient
PM2.5: results from a Canadian population-based survey. Occup. Environ. Med..
http://dx.doi.org/10.1136/oem.2010.062521.
Weinmayr, G., Romeo, E., De Sario, M., Weiland, S.K., Forastiere, F., 2010. Short-term
effects of PM10 and NO2 on respiratory health among children with asthma or
asthma-like symptoms: a systematic review and meta-analysis. Environ. Health
Perspect. 118, 449e457.
Wheeler, A.J., Xu, X., Kulka, R., You, H., Wallace, L., Mallach, G., Van Ryswyk, K.,
MacNeill, M., Kearney, J., Rasmussen, P.E., Dabek-Zlotorzynska, E., Wang, D.,
Poon, R., Williams, R., Stocco, C., Anastassopoulos, A., Miller, J.D., Dales, R.,
Brook, J.R., 2011. Windsor, Ontario exposure assessment study: design and
methods validation of personal, indoor, and outdoor air pollution monitoring.
J. Air Waste Manag. Assoc. 61 (3), 324e338.
Whitmore, R.W., Byron, M.Z., Clayton, C.A., Thomas, K.W., Zelon, H.S., Pellizzari, E.D.,
Lioy, P.J., Quackenboss, J.J., 1999. Sampling design, response rates, and analysis
weights for the National Human Exposure Assessment Survey (NHEXAS) in EPA
region 5. J. Expo. Sci. Environ. Epidemiol. 9 (5), 369e380.
Williams, R., Rea, A., Vette, A., Croghan, C., Whitaker, D., Wilson, H., Stevens, C.,
McDow, S., Burke, J., Fortmann, R., Sheldon, L., Thornburg, J., Phillips, M.,
Lawless, P., Rodes, C., Daughtrey, H., 2008. The design and ﬁeld implementation
of the Detroit Exposure and Aerosol Research Study (DEARS). J. Expo. Sci. En-
viron. Epidemiol. 19 (7), 643e659.
Wilkins, R., Peters, P.A., 2012. PCCFþ Version 5K User’s Guide: Automated Geo-
coding Based on the Statistics Canada Postal Code Conversion Files. Statistics
Canada, Ottawa, ON (Catalogue No. 82F0086-XDB).
Wilson, J.G., Kingham, S., Pearce, J., Sturman, A.P., 2005. A review of intraurban
variations in particulate air pollution: implications for epidemiological
research. Atmos. Environ. 39, 6444e6462.
Wong, G.W., Lai, C.K., 2004. Outdoor air pollution and asthma. Curr. Opin. Pulm.
Med. 10 (1), 62e66.
Xia, X.A., Chen, H.B., Wang, P.C., Zhang, W.X., Goloub, P., Chatenet, B., Eck, T.F.,
Holben, B.N., 2006. Variation of column-integrated aerosol properties in a
Chinese urban region. J. Geophys. Res.. http://dx.doi.org/10.1029/2005JD
006203.
G. Prud’homme et al. / Atmospheric Environment 80 (2013) 161e171 171
